Introduction
There were recently reported a number of successful applications of the joint inversion of seismic and CSEM data in reservoir characterizations (e.g. Gallardo and Meju, 2004; Hoversten et al., 2006) . However, due to the fact that the relationship between reservoir parameters and the corresponding elastic and electrical properties is found to be non-unique and subject to uncertainties, and that the sensitivities of seismic and electromagnetic data are quite different, to date two major approaches have been applied: (1) methods that involve the use of structural properties, i.e. boundaries of geological targets, as a common factor between seismic and resistivity models (e.g. Gallardo and Meju, 2004) ; (2) methods that involve the use of petrophysical characteristics to relate the two datasets, for example, water saturation and porosity can be used to provide a link between resistivity and seismic velocity in porous media (e.g. Tillmann and Stocker, 2000) . Strategies for joint interpretation of EM and seismic data therefore range from what we term cooperative, in which both datasets are interpreted to determine a mutually consistent geological model, to fully coupled joint inversion. The first class of joint interpretation is generally aimed at finding resistive targets with structural help from seismic.
A fully coupled, joint simultaneous inversion can also be applied and used to directly constrain reservoir rock properties. However, the opportunity to carry out such joint inversion depends on the development of a robust rockphysics model, which links the elastic and electrical parameters to reservoir rock and fluid properties of interest.
In this paper we present a method for jointly inverting seismic AVA partial stacks and CSEM data, with an example based on the Luva gas field, North Sea.
Methods
The Genetic Algorithm (GA) approach is a global optimization that is analogous to the natural processes of biological evolution. The technique uses stochastic processes to produce an initial population of models with associated data misfits. In general, the fittest individuals of any population (those with the lowest data misfit) tend to reproduce and survive to the next generation, thus improving successive generations. However, inferior individuals can, by chance (through mutation), survive and also reproduce. The GA does not require the objective function to possess 'nice' properties such as continuity, differentiability and satisfaction of the Lipschitz Condition as local optimizations does. A more detailed description of the GA can be found in Goldberg (1989) , Davis (1991) and Du et al. (2002) .
In this paper, we use an L1-norm misfit function for the objective function. This is the least absolute deviation between observed and modeled offset seismic gather and CSEM field recordings. We also build in an a priori saturation misfit, as a third term in the objective functions. If necessary, an a priori porosity misfit can also be added in. The a priori information can be obtained by the in situ rock physics modeling (see the next section: rock physics modeling). Since the three terms in the objective functions have been normalized, the weighting factors can be chosen to one in most cases. An iteration related scaling (Zhdanov, 2006) can also be applied to Joint inversion of seismic and CSEM data respectively.The objective function, f, needs synthetic seismic and CSEM responses, respectively. We use the Zoeppritz equation (Aki and Richards, 1980) to calculate the angle-dependent reflectivity, which is convolved with an angle-dependent wavelet to obtain the surface seismic gather; whereas the CSEM forward uses a semi-analytical function solution for the electric field trigged by an electric dipole source.
Rock physics modelling
We have yet to develop a general set of rock-physics models that can quantify seismic and electrical transforms to rock and fluid properties. As a consequence, empirical rock physics models are widely used in the industry. These models are not globally valid, because they are in general derived directly from well logs or laboratory measurements on core. A number of rock physics modelling tools which are based on the empirical rock physics modelling of insitu measurements to deal with various reservoir lithologies are also available, but must be applied with care. In this paper, we perform in-situ well-tied interactive rock physics modelling before the joint inversion, to quantify the relationships between reservoir properties and the corresponding seismic and resistivity structures. The modelling mainly performs the following two tasks:
Rock property modelling: involves defining the rock (lithology) and its petrophysical properties to link the reservoir properties, porosity and saturation, to its seismic and resistivity parameters.
Fluid Substitution and response prediction:
BiotGassmann's fluid substitution (Gassmann, 1951 ) is adopted to vary the pore fluid content in the reservoir. The resulting rock physics models are used to generate the synthetic seismogram and CSEM responses for different pore fluid scenarios.
Joint inversion
The Luva field lies in deep water (1274 m) in the Vøring Basin of the Norwegian North Sea (Figure 1 ). The original exploration well, 6707/10-1, encountered over 140 m of gas filled Cretaceous sand in a tilted fault block, with estimated recoverable reserves of 38 Bm 3 .
Based on the Luva well log, 6707-10-1, rock physics modelling aimed at building a regional rock physics model to describe the reservoir was carried out. We first determined the detailed lithology of the site. The Luva reservoir is a clean sand reservoir, located at ~ 1700 m below the sea bed. The final resulting models are shown in Figure 1 . The original well log curves, denoted by black lines, are resistivity, Vp, Vs, density, acoustic impedance and Poisson's ratio respectively. Modelled curves are shown as blue (wet), green (oil) and red (gas) curves, respectively. A good match between measured well log data and modelled curves was achieved with a gas saturation of ~ 80%. Prior information from rock physics modelling plays an important role, and we use it to define realistic GA inversion required priori information and the boundaries, as shown in Figure 2 . Joint inversion of seismic and CSEM data 1. Synthetic data Prior to inverting the real data, we generate surface synthetic dataset from well log elastic (Vp, Vs and density) and electric (resistivity) parameters. We calculate the synthetic seismogram to a maximum far offset of 3 km. Using the well log reflectivity, we transform from offset domain to the incident-angle domain, and form three incident angle dependent partial stacks, 0-15, 15-30 and 30-45 degrees. We form surface synthetic CSEM dataset with the same CSEM survey parameters that were used in the 2006 survey of the field. Random noise up to10% of the amplitudes was then added to both synthetic datasets to mimic the real recording environment. We first invert this synthetic dataset to establish the accuracy with which we can retrieve the reservoir porosity and water saturation before moving on to the inversion of real data.
We parameterize the GA in such a way that we only invert for reservoir parameters in the portion of the structure containing the reservoir. In this way, we significantly decrease the inversion computation time. Because the CSEM and AVA data have very different sensitivity to earth structures, we parameterize the model outside the reservoir interval to accommodate the different resolution given by the two datasets. Both elastic and electrical parameters for the strata above and below the target are required for the joint inversion. These can be obtained by inverting AVA and CSEM data separately to derive background structure before proceeding to the joint inversion.
We show the final retrieved Vp and resistivity model obtained by the GA joint inversion in Figure 4 . The comparison with the well log reveals that the match is satisfactory with small misfits between the two, which are most likely caused by noise in the data and also the model discrepancies between well log and the rock physics prediction (Figure 1 ). We have also conducted the inversion for each of the individual datasets. Results demonstrate that the ability of the joint inversion to recover porosity and saturation is superior to the result when seismic or CSEM data data alone was used. The GA inversion was also assessed from running the algorithm from many different 'initial' populations to assess the stability of the GA inversion solutions.
Field data
We obtained a 2D seismic section extracted from a 3D seismic data volume over the Luva field (seismic data courtesy TGS-Nopec). In this dataset, seismic amplitude measurements were sampled at 4 ms and have a frequency band of 4 -60 Hz, with a central frequency of 30 Hz. For an average P-velocity of 2600 m/s inside the reservoir interval, the expected vertical seismic resolution is approximately 12.5 m. Well log data, from well 6707_10_1 through the centre of the Luva gas field was resampled to be equivalent to the seismic resolution. After transforming from the offset domain to the incident-angle domain, using the well log reflectivity, three partial-angle stacks, 0-15, 15-30 and 30-45 degrees, were obtained ( Figure 5 ). We tied the well-log data with the partial-angle seismic data to estimate the angle-dependent wavelet for each. 
Joint inversion of seismic and CSEM data
In 2006 OHM collected a CSEM survey across the Luva field, comprising 21 seafloor receivers each recording two orthogonal electric field components and a 41km source transmission line over the receiver array. The data quality of the survey has ensured high signal to noise ratio at almost all the receivers giving data to a maximum sourcereceiver separation of approximately 10 km at the fundamental frequency of 0.25 Hz. We use here two datasets recorded by receivers 9 and 10, both of them located so that their data are sensitive to the reservoir. The EM field amplitude anomalies at these two receivers were greater than 20% with respect to the value given by the background structures, obtained by 2D CSEM inversions.
In Figure 5 , we respectively show the final data fit from the 3 partial stacks obtained from one selected CDP seismic gather in the central part of the reservoir, and the CSEM amplitude response, recorded by receiver 9, from the Luva CSEM survey dataset. We note that a satisfactory fit between the two was achieved, except in the seismic far angle stack, due to the relatively high noise levels in comparison to the other two. For the EM data, only a very few data points lie outside the 10% error bars, so a good overall fit were achieved.
In Figure 6 , we show the gas saturations and porosities of a group of solutions from five GA individual runs, obtained by the GA joint inversion. The well log data is also displayed as a reference dataset. The GA solution differences resulting from running the algorithm from the different 'initial' populations are not significant. These differences are used as evidence to assess the stability of the GA inversion solutions. Figure 6 demonstrates that joint inversion combined the strength of the CSEM and seismic data and not only delimited the reservoir, but also clearly resolved the thicker intra-reservoir shales (indicated by the three gas saturation troughs in Figure 6 ), identified earlier by a joint interpretation study with the same dataset, conducted by Harris et al. (2009) .
Conclusions
We demonstrate the ability of the joint inversion to recover reservoir rock properties, based on the combination of three types of data; CSEM, seismic and well logs. One of the key factors for the success is the rock physics modelling used to link the reservoir property of interest to the corresponding seismic and resistivity properties. This procedure needs to include careful QC to ensure the derived rock physics model is representative of the field.
Figure 5: An example of the GA inversion final data fit. Left (seismic data), comparing the 3 partial stacks (first panel) to the synthetics resulted from the inversion (middle panel), whereas the third panel is the difference between the two. Right (EM data), first two panels, comparing the recorded EM amplitude to the synthetic response from the inversion, whereas the difference between the two were shown in the second two panels.
Figure 6: GA inversion results: gas saturation (left two panels) and porosity (right two panels). A group of 5 independent GA solutions (denoted by colors) were shown together with the well log data (black line). The bar plots were used to assess the solutions, green is the average, brown is the standard derivation, and blue is the value of the well log.
